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ABSTRACT
Transposons are genomic parasites, and their new
insertions can cause instability and spur the evolu-
tion of their host genomes. Rapid accumulation of
short-read whole-genome sequencing data provides
a great opportunity for studying new transposon in-
sertions and their impacts on the host genome. Al-
though many algorithms are available for detecting
transposon insertions, the task remains challeng-
ing and existing tools are not designed for identi-
fying de novo insertions. Here, we present a new
benchmark fly dataset based on PacBio long-read
sequencing and a new method TEMP2 for detecting
germline insertions and measuring de novo ‘single-
ton’ insertion frequencies in eukaryotic genomes.
TEMP2 achieves high sensitivity and precision for
detecting germline insertions when compared with
existing tools using both simulated data in fly and
experimental data in fly and human. Furthermore,
TEMP2 can accurately assess the frequencies of de
novo transposon insertions even with high levels of
chimeric reads in simulated datasets; such chimeric
reads often occur during the construction of short-
read sequencing libraries. By applying TEMP2 to
published data on hybrid dysgenic flies inflicted by
de-repressed P-elements, we confirmed the contin-
uous new insertions of P-elements in dysgenic off-
spring before they regain piRNAs for P-element re-
pression. TEMP2 is freely available at Github: https:
//github.com/weng-lab/TEMP2.
INTRODUCTION
First discovered in the maze, transposons are mobile genetic
elements that constitute up to 85% of metazoan genomes
(1). Although transposons are often regarded as junk DNA,
they play important roles in genomic variation and evo-
lution (2–4). The movement of transposons often leads to
genome instability and diseases, including infertility and
cancer (5–8). Therefore, it is of great interest to annotate
transposon insertion profiles in different cell types, during
development, in disease states, or across individuals in a
population. However, accurate detection of transposon in-
sertions remains a challenge due to the highly repetitive se-
quences of transposons. Furthermore, short-read sequenc-
ing libraries contain chimeric reads, which are difficult to
distinguish from the reads originating from low-frequency
new transposon insertions (9).
Many algorithms have been developed to detect transpo-
son insertions, including ERVcaller, MELT, RetroSeq, Re-
locaTE2 and TEMP, with TEMP being developed by us
previously (10–15). All of these algorithms identify trans-
poson insertions using the same strategy––clustering dis-
cordant read-pairs, which have one read mapping to the
reference genome and the other read mapping to a trans-
poson consensus sequence. These algorithms perform sim-
ilarly well in detecting typical transposon insertions, and
the differences between them lie in the ability to filter out
false-positive predictions and to identify atypical insertions,
those of low frequencies and those from short or homolo-
gous transposons. MELT, which was developed as part of
the 1000 Genomes Project, carefully identifies discordant
and split read-pairs for transposon detection. (Split read-
pairs map to just one location of the genome but the 5′-end
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of one read is soft-clipped.) It is able to detect transposon
insertions in low sequencing-depth data, but it also makes
many false-positive predictions. ERVcaller and TEMP are
stricter at assessing discordant and split read-pairs, which
leads to higher precision. RetroSeq and TEMP are primar-
ily designed for long transposons and are not suitable for de-
tecting insertions of short transposons. Each of these tools
works well on specific datasets or on specific transposons,
but it is unclear whether they work well across a broad range
of datasets and on all transposons; this is because there are
few benchmark datasets for algorithm comparison. More-
over, the existing tools do not have the functionality to iden-
tify de novo transpositions, which occur in a single genera-
tion and reflect on-going transposon activity.
This paper makes two contributions. First, we present
a new software TEMP2, which combines the best compo-
nents of existing algorithms for detecting germline trans-
poson insertions and applies thorough filtering steps to re-
duce false-discovery predictions while maintaining a high
sensitivity. TEMP2 has a new functionality of estimating
the rate of de novo transposon insertions, taking advan-
tage of the knowledge that discordant read-pairs that truly
originate from recent transposon insertions should be en-
riched in the ends of full-length transposons. Second, we
performed PacBio long-read sequencing and Illumila short-
read sequencing in Drosophila melanogaster and curated a
set of transposon insertions using the PacBio data. These
two datasets should be useful for benchmarking the per-
formance of algorithms for detecting transposon insertions.
Evaluated using the aforementioned state-of-the-art trans-
poson algorithms on simulated data in flies, our PacBio-
Illumina fly data, and human data from the 1000 Genomes
Project, TEMP2 showed the best overall performance re-
garding sensitivity, precision, frequency accuracy, break-
point accuracy, and transposon-end accuracy. We applied
TEMP2 to estimate de novo insertion rates in simulated and
hybrid dysgenic fly data, revealing the on-going transpo-
son activities while these flies recover from the initial defi-
ciency in piRNA production and transposon derepression.




The overall pipeline of TEMP2 is shown in Figure 1, con-
taining three steps described as follows.
The first step of TEMP2 is mapping reads to the reference
genome using the bwa mem algorithm (16) with the follow-
ing command: bwa mem -T 20 -Y. Two types of read-pairs
are then extracted from the mapping results: (i) discordantly
mapped read-pairs for which one read is uniquely mapped
to the reference genome while the other read is unmappable
or mapped to multiple locations in the genome (Supple-
mentary Figure S1; read-pairs #1–#8, #13–#36, and #41–
#56); (ii) split read-pairs that are properly mapped to just
one location of the genome but the 5′-end of one read is
soft-clipped (Supplementary Figure S1; read-pairs #9–#12
and #37–#40). The unmappable, multiply mapped reads,
and split reads are then aligned to transposon consensus
sequences using bwa mem, and the read-pairs that can be
mapped to transposons are considered as reads that can
support transposon insertions.
The second step of TEMP2 is clustering and classifying.
Two transposon-supporting reads are placed into the same
cluster if they satisfy either of the following two conditions:
(i) they map to the same side of a transposon insertion and
the distance between their mapped locations in the genome
is smaller than the 95% quantile of the fragment length of
the sequencing library, or (ii) they map to the opposite sides
of a transposon insertion and their distance is smaller than
twice the 95% quantile of the fragment length of the se-
quencing library. We then determine the breakpoints of an
insertion using the soft-clipping site of split reads. If no split
reads are available, we set the average coordinate of the 3′-
ends of the supporting reads (Figure 1A) as the breakpoint.
All insertions supported by read clusters are classified into
three types according to their genomic location and read
count: 1p1 (one-plus-one) insertions are supported by read-
pairs on both sides of the insertion; 2p (two-plus) insertions
are supported by two or more read-pairs but these reads
all come from one side of the insertion; and de novo inser-
tions are supported by only one (i.e. singleton) read-pair.
TEMP2 considers 1p1 and 2p insertions as germline inser-
tions that are passed on to the next generation and uses
singleton read-pairs to estimate the level of de novo inser-
tions, which include the insertions into somatic genomes or
the insertions into the germline genomes that do not lead
to offspring. TEMP2 also allows users to set an insertion-
frequency threshold for classifying whether an insertion is
de novo, which is necessary when the sequencing library is
constructed from a small number of cells because in such
cases de novo insertions may be supported by multiple reads
due to PCR amplification of the small amount of starting
DNA.
The third step of TEMP2 is filtering. Three types of fil-
tering are applied to remove false-positive insertions. First,
TEMP2 discards insertions by a transposon into a location
in the genome that is annotated to contain a copy of the
same transposons, because the discordant reads that sup-
port such insertions are likely due to sequence alignment
errors. Furthermore, we place these insertion positions on
a blacklist to filter out other insertions detected at the same
genomic positions, which often come from transposons in
the same family, again, suggesting alignment errors. Sec-
ond, TEMP2 estimates the sequencing depth in the genomic
region around each candidate insertion and compares it
with the average sequencing depth across the whole genome.
The number of mapped genome-sequencing reads that fall
in a genomic window follows a bimodal distribution with
one mode around the average coverage and the other mode
much higher than five times the average coverage (Supple-
mentary Figure S2A). Specifically, in our Illumina sequenc-
ing data, 0.226% genomic windows had 5× or more reads
than the overall genome coverage (27.1×). Thus, we fil-
tered out the insertions located in genomic regions with
5× or higher sequencing depths. Third, TEMP2 merges
the insertions at exactly the same genomic position––the
vast majority of these insertions are from related transpo-
son subfamilies––and assigns all supporting reads to the
insertion with the most supporting reads. We conducted
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N. de novo insertions = N. singleton end reads – expected N. singleton end reads
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Figure 1. Diagrams depicting how TEMP2 detects new germline and de novo transposon insertions. (A) Detection of new transposon insertions. The method
contains three steps: alignment, clustering/classifying, and filtering. Paired-end reads are depicted as pairs of boxes each connected by a short horizontal
line: open boxes for unmapped reads and colored boxes for mapped reads. The reference genome is represented as a blue line while a transposon element
(TE) as a red line. The portion of a read mapped to the reference genome is marked in blue and the portion of the read mapped to a transposon is marked
in red. Properly mapped read-pairs are connected by solid lines while discordant read-pairs are connected by dashed lines. Transposon-supporting read-
pairs that are anchored at the same genomic locus (defined as within 95% of the fragment length of the sequencing library) are clustered. A 1p1 cluster is
supported by multiple read-pairs with at least one read-pair on each side of the transposon insertion, a 2p cluster is supported by two or more read-pairs,
but only on one side of the insertion, and unclustered read-pairs are singletons. (B) Estimation of the total number of de novo insertions of a transposon
family. All raw reads (empty boxes) and singleton reads as defined in A. (colored boxes) are aligned to the consensus sequence of each transposon family.
According to where in the consensus the reads map, they are classified as end-mapping reads and center-mapping reads (see Materials and Methods). The
total number of de novo insertions of a transposon family is defined as the difference between the actual number of end-mapping singleton reads and the
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transposon insertions to minimize the number of insertions
and insertion-containing genomic regions that we need to
examine, reducing TEMP2’s runtime.
After identifying germline transposon insertions,
TEMP2 also estimates the frequency for each transposon
insertion. Properly mapped unsplit read-pairs crossing
more than 20 bp of an insertion breakpoint are defined
as reference read-pairs. The frequency of each transposon
insertion is estimated using the equation below:
insertion frequency = supporting reads
(supporting reads + reference reads × 2)
TEMP2 estimates the overall level of de novo transpo-
son insertions for each transposon family in the whole
genome using transposon-supporting singleton reads; how-
ever, TEMP2 does not make predictions on transposon
insertions at individual loci. To detect de novo insertions,
TEMP2 must guard against the chimera reads introduced
during library construction, which are often singletons.
Chimera reads should map to all locations in a transposon
consensus sequence uniformly, while singleton reads that
support transposon insertions should be enriched in the two
ends of the transposon consensus sequence, as far into the
interior of the consensus sequence as the fragment length of
the sequencing library would allow. Thus, we can use sin-
gleton reads that map to the center region (the consensus
sequence minus the two ends) to estimate the number of
chimeric reads. TEMP2 determines the fragment lengths for
all the read-pairs that map entirely to a unique location in
the reference genome and then defines the end of a trans-
poson as the 95th percentile fragment length minus 25 nts.
The number of de novo insertions of a transposon family
can be inferred by the difference between the number of end-
mapping singleton reads and the number of center-mapping
singleton reads; thus, the overall level of de novo insertions
of a transposon family is:





TEMP2 outputs a confidence score (ranging from 0–
100%) for each transposon family that equals one minus our
estimated overall rate of chimera reads for this transposon
family. Supplementary Figure S2B uses two example trans-
posons to illustrate how TEMP2 estimates de novo insertion
frequencies. Using our Illumina sequencing data, TEMP2
estimates that roo does not have a higher than the back-
ground level of de novo insertions because its total number
of singleton end–reads does not exceed the expected num-
ber of singleton end–reads, while Tirant is estimated to have
43 de novo insertions.
In a typical application when a sufficiently large number
of cells (thousands or more) is used in the starting mate-
rial to prepare the sequencing library, TEMP2 only con-
siders singleton insertions as potential de novo insertions
to estimate the genome-wide de novo insertion rate. In the
rare cases when a limited number of genomes (hundreds or
less) is used in the starting material, TEMP2 will not just
consider singleton insertions, but will instead ask the user
to provide the number of genomes in the starting material
and then automatically set the insertion frequency thresh-
old to be two times the theoretical frequency of de novo in-
sertions for distinguishing potential de novo insertions from
germline insertions.
To account for the cases of truncated de novo inser-
tions such as 5′ truncated L1 elements (15,17,18), TEMP2
can also classify singleton reads that map to the two ends
of fragmented transposons as insertion-supporting reads
(using the ‘-T’ option), if there are enough reads (by de-
fault three or more reads at each end) to support these
fragmented transposons elsewhere in the genome. Such
fragmented transposons are used together with full-length
transposons in the same family for computing end-mapping
reads and center-mapping reads in the above equation for
computing the overall rate of de novo insertions.
Simulated data
To benchmark the performance of TEMP2 and other
transposon-detection methods, a set of Illumina sequencing
data was simulated (see Supplementary Figure S3 for a sum-
mary). We simulated genomes with 400 new germline trans-
poson insertions at different frequencies (0.25, 0.5, 0.75 and
1) and insertion lengths as follows. We first constructed
10 000 reference genomes (dm6) and then inserted 90 full-
length transposons (randomly picked) and 10 partial-length
transposons (6 I-element, 2 Doc, 2 F-element) into the same
coordinates of 2500, 5000 or 7500 of the 10 000 reference
genomes one by one. We also simulated 10 000 genomes
with 20 somatic transposon insertions each. We inserted
eight full-length 297, four full-length copia, three full-length
Tirant, two partial-length Doc, one full-length 17.6, one
full-length F-element and one full-length blood, hence 20
transposons in total, into different coordinates of the 10 000
simulated genomes one by one. Low mappability regions
were excluded when inserting transposons.
Illumina read-pairs were then simulated using the ART
algorithm (version 2.5.1) with parameters -ss HS25 -p -
l 100 (read length) -m 450 (fragment size) -s 10 -na (19).
For each of the 10 000 simulated genomes, we simu-
lated Illumina read-pairs at 0.0001×, 0.0002×, 0.0003×,
0.0004×, 0.0005×, 0.001×, 0.002×, 0.003×, 0.004× and
0.005× genome coverage by adding parameter -f. In to-
tal, Illumina read-pairs at the sequencing depth of 1–
50× genome coverage for 10 000 simulated genomes were
generated for each genome set. Not that by 1–50× genome
coverage, we mean that the total number of nucleotides that
mapped to the reference genome was at 1–50× the genome
length. Two additional datasets with different percentages
of chimera read-pairs (0.05% and 0.5%) were generated by
combining two random reads into one read-pair.
PacBio and Illumina whole-genome sequencing of Drosophila
For PacBio sequencing, the female virgin flies (ISO-1 strain,
∼180 individuals for each of two samples) were collected
and starved for 1.5 h and flash-frozen in liquid nitrogen.
Genomic DNA was extracted and purified with standard
procedures. The DNA library preparation for PacBio se-
quencing was performed by following the PacBio proto-
col called ‘procedure & checklist of 20 kb template prepa-
ration using the BluePippin size-selection system’. Briefly,
the DNA was sheared by a Covaris g-TUBE device and
purified using AMPure PB beads. The fragmented DNA
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adapters. Then purified ligation products were size-selected
using the BluePippin Size Selection system. After anneal-
ing and binding of SMRTbell templates and preparation for
MagBead loading, the two libraries were run on the PacBio
RS II and Sequel system in NextOmics (Wuhan, China), re-
spectively. The sequencing results for each sample contained
two SMART cells.
For Illumina short-read sequencing, the whole bodies of
3–5-day-old female virgin flies (ISO-1 strain, ∼25 individ-
uals) were collected and used for DNA extraction. DNA
quality was assessed by OD260/OD280 with Nanodrop
and agarose gel electrophoresis. The library for Illumina se-
quencing was prepared as follows: (i) fragmentation with
Covaris ultrasonicator, (ii) end-repair and phosphorylation
of the 5′ ends, (iii) A-tailing of the 3′ ends, (iv) ligation of
adapters, (v) 12 cycles of PCR to enrich for the ligated prod-
uct. Sequencing was done with the Illumina HiSeq-2500 se-
quencer (run type: paired-end; read length: 125 nt) in Novo-
gene (Tianjin, China).
Build a benchmark of transposon insertions using PacBio se-
quencing data
PacBio sequencing data were transformed to the FASTA
format and then aligned to the dm6 genome using the Min-
imap2 algorithm (version 2.16) with parameters -x map-pb
–MD (20). The mapping result was then provided to the
Sniffles algorithm for structural variation detection with pa-
rameters -l 300 -s 1 (21). Only insertions longer than 300-
bp were retained for further analysis because the shortest
transposon in D. melanogaster is Stalker3, which is 372-nt
in full length. The sequences of insertions were extracted
and aligned to transposon consensus sequences using Min-
imap2 again to define new transposon insertions. A new
transposon insertion is considered valid if both of the fol-
lowing conditions are satisfied: (i) the aligned length is
longer than half of the insertion (ii) the alignment starts
within 500-nt of the 5′-end of the insertion and ends within
500-nt of the 3′-end of the insertion. Transposon inser-
tions within 50 bp were merged, and insertions with more
than one supporting read were retained and considered as
germline transposon insertions. Breakpoints of the inser-
tions were set to the insertion sites that were supported by
the most reads. The 5′-end and 3′-end of each inserted trans-
poson were also annotated. To estimate insertion frequen-
cies, genome-mapping PacBio reads around each break-
point were tallied. Reads that cross a breakpoint for at least
50 bps were defined as reference reads, and reads split within
50 bp of the breakpoint were defined as supporting reads.
Some PacBio reads were long enough to split in both the
5′-end and the 3′-end of an insertion, and these reads were
counted as two supporting reads. The insertion frequencies
were then estimated using the same equation as TEMP2:
insertion frequency = supporting reads
(supporting reads + reference reads × 2)
We then manually inspected each of the 405 transposon
insertions detected using the PacBio data. Among these
405 insertions, 73 were located in an annotated copy of
the same transposon in the reference genome. We visual-
ized the PacBio raw reads supporting each insertion using
the IGV browser (v2.7.2) to examine detailed alignments
(22). Furthermore, we manually aligned each inserted se-
quence back to the transposon consensus sequence. For 11
high-frequency insertions supported by many PacBio reads,
the insertion sites made by the supporting PacBio reads
were typically at exactly the same location of the reference
genome or within a few base-pairs of each other, indicating
that these are true insertions. For the remaining 62 inser-
tions, a portion of the supporting PacBio read could not
align to the reference genome due to high sequencing errors
in the portion. However, when we manually aligned the por-
tion back to the transposon consensus sequence, more than
half of the portion could be aligned. Furthermore, their
supporting PacBio reads point to positions in the reference
genome that were far from one another (hundreds to thou-
sands of base pairs away), suggesting alignment errors. We
deemed these insertions false positives. We further exam-
ined whether the 332 PacBio-detected insertions that were
not in a copy of the same transposon could be supported
by any Illumina reads. We first aligned Illumina reads to
the reference genome via bwa mem using default param-
eters and then identified discordantly mapped read-pairs
from the ± 500 bp region flanking each of the 332 insertions.
We aligned these discordant read-pairs to transposon con-
sensus sequences via bwa mem using default parameters. If
there was at least one discordant read-pair that could align
to the inserted transposon, we deemed the insertion sup-
ported by Illumina reads.
Algorithm comparison
The main differences between the algorithms assessed by
us are listed in Supplementary Table S4. Algorithms were
benchmarked on three sets of short-read whole-genome se-
quencing data: simulated D. melanogaster data, experimen-
tal D. melanogaster data we produced, and human data in
the NA12878 lymphoblastoid cell line downloaded from the
1000 Genomes Project.
For simulated and D. melanogaster data, default param-
eters for each algorithm were used. To achieve a fair com-
parison of the algorithms, the same cutoff of transposon-
supporting reads were used for each of the algorithms (five
reads). Sum of squared residue (SSR) was defined as the
sum of errors of estimated de novo insertion rate across all




(estimated de novo insertion number per genome
−simulated de novo insertion number per genome)2
The SSRs were 0.3 for TEMP2 and 24.75 for TEMP
(Figure 2F). When we considered only those seven trans-
posons with non-zero simulated insertions, SSRs were 0.3
for TEMP2 and 17.69 for TEMP. The transposon library of
D. melanogaster was downloaded from Flybase (23). Trans-
poson insertions in the reference genome (dm6) were anno-
tated using RepeatMasker with parameters -s -no is -norna
-nolow -e ncbi -cutoff 255 -div 40 -frag 20000 (24).
We downloaded the .cram or .bam file of NA12878 low-
depth and high-depth data from the 1000 Genomes Project.
Although TEMP2 can directly work with these files, we
wanted to ensure that the same parameters were used for
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chimera ratio = 0.05%
Figure 2. The performance of TEMP2 on simulated datasets. Simulated Illumina read-pairs at different sequencing depth (1–50× genome coverage)
were used for comparing the performance of TEMP2, TEMP, ERVcaller, MELT, RetroSeq and RelocaTE2 (in red, blue, green, yellow, purple and gray
respectively). Panels A–D, germline insertions. Panels E-F, somatic insertions. Except for panel E, for which three levels of chimera read-pairs were tested,
the datasets with 0.05% chimera read-pairs were used for all other panels. (A) Performance of TEMP2 and other transposon-detection methods in detecting
transposon insertions. Three panels of line plots depict the sensitivity, precision, and F1 score of detecting germline transposon insertions, respectively,
as a function of sequencing depth. (B) Accuracies of TEMP2, TEMP and RetroSeq in estimating transposon-insertion frequencies. Line plots show
the average error of estimated frequencies of germline transposon insertions as a function of sequencing depth. (C) Accuracies of TEMP2 and other
transposon-detection methods in identifying the breakpoints in the reference genome. Line plots show the average distance between detected and simulated
breakpoints of new germline transposon insertions. (D) Accuracies of TEMP2 and two other transposon-insertion methods in predicting the ends of
inserted transposons. Line plots show the average distance between detected and simulated transposon ends of new germline insertions. (E) Accuracies
of TEMP2 and TEMP in estimating somatic transposon insertion numbers. Line plots show the sum of squared residuals (SSR) of estimated somatic
insertion numbers for all transposon subfamilies. Simulated data with 0%, 0.05%, and 0.5% chimera were tested and the results are displayed as solid,
dashed and dot-dashed lines respectively. This panel and panel F are benchmarked using simulated de novo insertions from six full-length transposons and
one fragmented transposon (Doc). (F) Accuracies of TEMP2 and TEMP in estimating somatic transposon insertion numbers; the sequencing depth was
set to 20×. Scatterplots compare simulated and estimated insertion numbers. Each dot denotes a transposon subfamily, and the 8 transposon subfamilies
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files using samtools (25) and then aligned the reads to hg38
using bwa mem with parameters ‘-T 20 -Y’ (16). Default
parameters for ERVcaller, MELT, RetroSeq were used to
analyze the NA12878 data. We allowed 10% sequence di-
vergence for TEMP2 and TEMP when aligning reads to
transposon consensus sequences, the same for MELT. To
achieve a fair comparison of the algorithms, the same cut-
off of transposon-supporting reads were used for each of
the algorithms (3 for low-depth data and 10 for high-depth
data). The transposon library, which contains Alu, SVA,
and LINE1 consensus sequences, was downloaded from the
MELT package (10). The reference insertion annotation
of Alu, SVA, and LINE1 was also downloaded from the
MELT package.
RESULTS
Design and Implementation of TEMP2
TEMP2 is a complete redesign of our previous algorithm
TEMP (26), which identifies transposon insertions using
paired-end short reads. TEMP uses three steps to detect
transposon insertions: alignment, clustering-classifying,
and filtering. In TEMP2, we improved each of the steps to
achieve higher accuracy in identifying germline transposon
insertions and added a new module in TEMP2 for estimat-
ing the level of de novo transposon insertions (see Materials
and Methods).
TEMP2 has improved upon TEMP in all three steps (Fig-
ure 1A). In the first alignment step, discordant read-pairs,
of which one read uniquely maps to the genome and the
other maps entirely (unsplit) or partially (split) to distant
transposon copies, are identified as possibly supporting a
new transposon insertion in the genome (Supplementary
Figure S1). TEMP only considers the unsplit reads, while
TEMP2 additionally includes the split reads if their non-
transposon mapping portions properly map to the genome,
i.e. in the same orientation and within a distance cutoff de-
fined as the 95th percentile of the fragment length of the
sequencing library (see Materials and Methods). In the sec-
ond clustering-classifying step, supporting reads are clus-
tered, and the insertions supported by the read clusters
are classified by genomic location and read count. Like
TEMP, TEMP2 classifies insertions into three types: 1p1,
supported by read-pairs on both sides of the insertion; 2p,
supported by two or more read-pairs but on only one side of
the insertion; and singletons, supported by only one read-
pair. Going beyond TEMP’s classification, TEMP2 further
deems 1p1 and 2p insertions as germline insertions but ex-
amines singleton read-pairs for estimating the genome-wide
level of de novo transposition for each transposon family
(a new module described next). In the third filtering step,
some insertions are filtered out if they are likely false posi-
tives. Like TEMP, TEMP2 discards insertions of a transpo-
son into an annotated copy of the same transposon in the
genome because the supporting discordant reads are likely
misaligned to this annotated copy due to the variations
among the copies of the same transposon. TEMP2 fur-
ther filters out insertions in regions that have 5× or higher
sequencing depth (Materials and Methods). Such regions
are determined for each specific dataset and likely reflect
the incompleteness of the reference genome with respect to
the genome that corresponds to the sample being assayed.
Moreover, we observed that some genomic positions con-
tained insertions from multiple transposons, and the vast
majority of these insertions were from related transposon
subfamilies. We observed this phenomenon even in simu-
lated data where no TE subfamilies were simulated to be in-
serted in the same locus and at roughly the same frequency
in our Illumina sequencing data as in the simulated data.
These insertions are caused by ambiguous mapping of reads
to related transposon subfamilies. Thus, TEMP2 merges the
insertions at exactly the same genomic position and assigns
all supporting reads to the transposon with the most sup-
porting reads.
We developed a new module in TEMP2 to estimate the
overall level of de novo insertions for each transposon fam-
ily. Such de novo insertions can be in somatic cells or in the
germ cells that do not develop into the next generation of
individuals. The identification of de novo insertions is chal-
lenging; they are often present in only one cell or a few cells
derived from a single progenitor, and therefore present at
very low frequencies and dispersed throughout the genome,
and thus represented by single read-pairs in the library. As
a result, it is difficult to distinguish discordant reads sup-
porting real de novo insertions from chimeric reads intro-
duced during sequencing library construction (9). However,
new transposon insertions have terminal repeats that are
in a fixed orientation relative to the junction of inserted
transposons with genomic sequence, and short supporting
read-pairs should only align to the ends of transposons, and
have the correct orientation (Figure 1B). We, therefore, used
read-pairs mapping to the two ends of a transposon (de-
fined as the 95th percentile of fragment length of the library
minus 25 nucleotides or nts, see Materials and Methods)
to estimate de novo insertions, and assume that read-pairs
that map to the center of the transposon are chimeric reads.
Thus, TEMP2 defines the total number of de novo inser-
tions of a transposon as the difference between the number
of end-mapping singleton reads and the expected level of
chimeric reads, which is estimated from experimentally de-
fined reads mapping to the center of the same transposon
family (Figure 1B).
Performance assessment using simulated datasets
We generated a series of simulated datasets to compare
the performance of TEMP2 and several other transposon-
detection algorithms. We first simulated 10 000 Drosophila
melanogaster genomes by inserting germline and somatic
transposons (Supplementary Figure S3; Supplementary Ta-
ble S1; see Materials and Methods), with each germline in-
sertion at the same position across all the genomes while so-
matic insertions at different locations among the genomes.
To evaluate the accuracy of insertion frequency estimations
by the algorithms, germline insertions were simulated with
frequencies from 0.25 to 1, i.e. 25% to 100% of the 10 000
genomes would contain an insertion. We also generated
10% of the insertions as transposon fragments to evaluate
the accuracy in predicting full-length insertions (see Materi-
als and Methods). Finally, we simulated Illumina read-pairs
at different sequencing depths (1–50× genome coverage)
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0.5%) from the 10 000 simulated Drosophila genomes with
the short-read simulation tool ART (19).
We evaluated the performance of TEMP2, TEMP and
four other transposon-detection algorithms: ERVcaller,
MELT, RetroSeq and RelocaTE2 (10,26–29) with five met-
rics for detecting germline transposon insertions: sensitivity
and precision in detecting insertions, accuracy in estimat-
ing insertion frequencies, accuracy in identifying the break-
points in the reference genome, and accuracy in predict-
ing the two ends of inserted transposons. All six algorithms
report the number of supporting reads for each detected
transposon insertion, but they apply different filtering to
decide on the final predicted insertions. To achieve a fair
comparison of the algorithms, we performed the assessment
using the same cutoff of supporting reads for all the algo-
rithms. We evaluated the performance of the algorithms as
a function of the total sequencing depth because all algo-
rithms performed better at higher sequencing depths. Fig-
ure 2 shows the results at five or more supporting reads and
0.05% chimera read-pairs; we also tested the cutoff of three
or four supporting reads and 0% or 0.5% chimera read-
pairs and reached the same conclusion (Supplementary Ta-
ble S2).
TEMP2, TEMP and ERVcaller achieved higher sensi-
tivity and precision than the other three algorithms in de-
tecting germline transposon insertions across 1–50× se-
quencing depths (Figure 2A). At the typical 20× sequenc-
ing depth, TEMP2 (sensitivity 99.8% and precision 100%)
and TEMP (100% and 96.2%) showed the highest sensitivity
and precision, followed by ERVcaller (94.3% and 98.4%),
RetroSeq (97.5% and 74.9%), MELT (91% and 72.4%), and
RelocaTE2 (12.3% and 80.3%). TEMP2 maintains perfect
precision throughout the sequencing depths. ERVcaller ap-
plies several filtering steps, which may explain its steadily
high precision (27).
We compared the accuracy in estimating insertion fre-
quencies for the three algorithms that provide such an es-
timation: TEMP2 and TEMP output insertion frequencies
directly, and RetroSeq outputs the number of transposon-
supporting reads and reference reads which can be used to
estimate insertion frequencies (see Materials and Methods).
The error in estimating insertion frequencies went down
with increasing sequencing depth for all three methods (Fig-
ure 2B; Supplementary Figure S4A), and TEMP2 shows
the lowest error (average error = 0.048 at 20× sequencing
depth).
The breakpoints in the reference genome correspond to
the locations where transposon insertions occurred. We
quantified the accuracy in breakpoint identification using
the average distance between simulated breakpoints and
the breakpoints identified by each algorithm (Figure 2C).
TEMP2, MELT and RelocaTE2 identified accurate break-
points. The average distance was less than ten base-pairs
(bp) for TEMP2 at sequencing depths higher than 3×.
New transposon insertions are expected to be full length,
but they degenerate over time and most copies in the
genome are fragments. We measured the accuracy in pre-
dicting the ends of inserted transposons by calculating the
average distance between detected and simulated transpo-
son ends (Figure 2D). Only TEMP2, MELT and ERV-
caller predict the ends of each inserted transposon. TEMP2
achieves small distances across the sequencing depths
tested, while MELT and ERVcaller performed well only at
high sequencing depths (>20×).
We then assessed the performance of TEMP2 in estimat-
ing the level of de novo transposon insertions. Although the
singleton reads reported by TEMP can be used to estimate
de novo insertions, other algorithms do not provide this
functionality, possibly because the other algorithms treat
singleton reads as unreliable information that is difficult to
distinguish from chimera artifacts. We, therefore, compared
TEMP2 with TEMP. We calculated the sum of squared
residuals (SSR) between the detected and simulated somatic
insertion numbers per genome, with the simulation per-
formed at a series of sequencing depths and three different
percentages of chimera read-pairs. TEMP2 achieved sub-
stantially lower SSR than TEMP, 0.3 versus 24.75 at 20×
sequencing depth with 0.05% chimeric reads; furthermore,
TEMP2’s SSR remained low at 0.5% chimera reads, while
TEMP’s SSR was substantially higher at a higher chimera
rate. We also performed the comparison for each transpo-
son subfamily, and the somatic insertion numbers predicted
by TEMP2 were nearly perfectly correlated with the simu-
lated insertion numbers (Figure 2F and Supplementary Fig-
ure S4B, left panel, r = 0.998; P-value < 2.2 × 10−16) while
TEMP estimated significantly higher levels of de novo inser-
tions than the simulated levels due to chimeric reads (Figure
2F and Supplementary Figure S4B, right panel; Wilcoxon
signed-rank test P-value < 2.2 × 10−16).
Finally, we compared the runtime of the six algorithms
using eight threads and 32GB memory (Supplementary
Figure S4C). As expected, the run time was positively cor-
related with the sequencing depth of the dataset. For deter-
mining germline insertions, TEMP2 runs the fastest among
the six algorithms we benchmarked, followed by TEMP,
Retroseq, ERVcaller, MELT, and RelocaTE2. For estimat-
ing de novo insertion numbers, TEMP2 spent 15.6 minutes
on the dataset with 20× coverage of the Drosophila genome
and 0.05% chimera read-pairs, comparable to the other al-
gorithms which only detect germline insertions.
In summary, in comparison with five other algorithms,
TEMP2 shows the best performance in sensitivity and pre-
cision of detecting germline transposon insertions, further
showing the lowest errors in estimating insertion frequen-
cies, identifying the breakpoints in the host genome, and
predicting the ends of inserted transposons. Additionally,
TEMP2 can accurately estimate the total number of de novo
transposon insertions, but the other algorithms lack this
functionality. TEMP2 is the fastest among the six algo-
rithms we examined.
A curated benchmark dataset of transposon insertions using
PacBio and Illumina sequencing in Drosophila melanogaster
To benchmark the performance of transposon detection
algorithms, we performed high-depth PacBio long-read
(171× genome coverage) and Illumina short-read sequenc-
ing of Drosophila melanogaster (see Materials and Meth-
ods). In both Illumina and PacBio sequencing, we used the
ISO-1 strain of D. melanogaster, which was inbred and se-
quenced to assemble the reference fly genome, to exclude
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Figure 3. Constructing a benchmark set of transposon insertions using PacBio and Illumina sequencing data. (A) 405 transposon insertions detected by
PacBio sequencing. A pie chart depicts the classification of 405 PacBio-detected transposon insertions into 148 insertions supported by Illumina reads
(red), 62 false-positive insertions into a copy of the same transposon (gray), 11 manually-verified insertions into a copy of the same transposon (brown),
and 184 insertions not supported by Illumina reads (blue). (B) Insertions supported by Illumina reads have more PacBio supporting reads and higher
frequencies. Violin plots compare the number of PacBio-supporting reads (top) and insertion frequencies estimated by PacBio reads (bottom) for 148
insertions supported by Illumina reads (red) and 184 insertions not supported by Illumina reads (blue) as defined in A.
transposon detection (30,31). The two sequencing libraries
were built separately, using ∼25 female virgins for Illumina
sequencing and ∼180 female virgins for PacBio sequencing.
The PacBio sequencing reads were long enough to span en-
tire transposons; therefore, they can be used to construct
a benchmark of transposon insertions (see Materials and
Methods). In total, we detected 405 transposon insertions
that were not in the reference fly genome, along with their
insertion frequencies quantified using the PacBio data (Sup-
plementary Table S3), and these insertions were then subject
to further analysis and manual curation to arrive at a gold-
standard set of insertions (Figure 3A).
Among these 405 insertions, 73 insertions were from a
transposon into an annotated copy of the same transpo-
son in the reference genome. Among these, 54 insertions
were supported by one PacBio read each, and manual cura-
tion revealed that these insertions were due to sequencing
errors in the PacBio reads because the inserted fragment
could map back to the same transposon, albeit with mis-
matches. The other 19 insertions were supported by multi-
ple PacBio reads; however, manual inspection revealed that
eight of them were false positives as well for a similar rea-
son. The remaining 11 insertions appeared to be real (Figure
3A).
We examined the remaining 332 insertions for support by
Illumina reads (see Materials and Methods), and 148 inser-
tions had support while the remaining 184 insertions did not
(Figure 3A). The 184 insertions not supported by Illumina
reads had substantially fewer supporting PacBio reads then
the 148 insertions supported by Illumina reads (Figure 3B,
top panel)––114 of these 184 insertions were supported by
only one PacBio read each, suggesting that they occurred
only in one genome used to prepare the PacBio library. Fur-
thermore, these two sets of insertions differ significantly in
their insertion frequencies estimated by PacBio reads (Fig-
ure 3B, bottom panel; P-value < 2.2 × 10−16). Thus, the
184 insertions not supported by Illumina reads were likely
insertions in a small subset of the genomes and, as a result,
not replicated in the sample used to prepare the Illumina
sequencing library. Thus, as a benchmark for testing algo-
rithms that would use the Illumina reads as the input, we
only included the 148 insertions that were supported by Illu-
mina reads. We did not include in the benchmark the afore-
mentioned 11 insertions into an annotated copy of the same
transposon, because we could not use Illumina reads to ver-
ify them––full-length copies of the transposon elsewhere in
the genome would produce Illumina reads to map to these
locations. Furthermore, none of the algorithms tested could
identify these 11 insertions.
More than half (n = 83) of the 148 Illumina-supported
insertions contained more than 80% of the full-length con-
sensus sequences of their transposons (Supplementary Ta-
ble S3), suggesting that these insertions resulted from re-
cent transpositions. Among the remaining 65 insertions, 27
were shorter than 20% of their consensus sequences; these
are fragments of ancient insertions that have since degener-
ated.
Detection of germline insertions in Drosophila melanogaster
We used the 148 PacBio-detected, Illumina-supported
transposon insertions as a benchmark to test TEMP2
and the other algorithms, which were provided the Il-
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Figure 4. The performance of TEMP2 on experimental data in D. melanogaster. Genomic sequencing data from D. melanogaster at 29× sequencing
depth were used for comparing the performance of TEMP2, TEMP, ERVcaller, MELT, RetroSeq and RelocaTE2 (in red, blue, green, yellow, purple,
and gray respectively). (A) Performance of detecting transposon insertions. Three panels of bar plots depict the sensitivity, precision and F1 score of
detecting germline transposon insertions, respectively. (B) Average errors of estimating transposon-insertion frequencies. Bar plots show the average error
of estimated frequencies of germline transposon insertions. (C) Accuracies of identifying breakpoints in the reference genome. Bar plots show the number
of germline transposon insertions (breakpoints) called by TEMP2 and other transposon-detection methods, with accurately detected breakpoints in dark
blue and inaccurately detected ones in gray. (D) Accuracies in predicting the ends of inserted transposons. Bar plots show the median distance between
detected and actual transposon ends of new germline insertions.
erage. The four algorithms that achieved the high-
est sensitivities––MELT, TEMP2, TEMP and ERVcaller
(95.3–91.2%; Figure 4A)––differed in their precisions:
TEMP2 achieved 79.2% precision, MELT had low preci-
sion (28.3%), while TEMP and ERVcaller were in between
(60.2% and 62.2%), and accordingly, TEMP2 achieved the
highest F1 score of 0.854 (Figure 4A). We further com-
pared the algorithms using three other metrics. Among the
three algorithms that report insertion frequency, TEMP2
achieved the lowest average error of 0.072 (Figure 4B),
judged by the insertion frequencies determined using the
PacBio data (Supplementary Table S3). TEMP2 also de-
tected the breakpoints accurately for the largest number
of insertions (n = 129, 94.2% of the 137 insertions it pre-
dicted; Figure 4C). Among the three algorithms that pre-
dict the ends of inserted transposons, TEMP2 and MELT
achieved lower errors than ERVcaller (Figure 4D). In sum-
mary, TEMP2 outperformed the other five algorithms over-
all judged by the 148 transposon insertions.
Detection of germline insertions in human NA12878 cells
We further assessed the accuracy of TEMP2 and the other
algorithms in detecting germline insertions in human lym-
phoblastoid cells, using two Illumina-sequencing datasets
from the NA12878 donor in the 1000 Genome Project––one
with low sequencing depth (5.7× genome coverage; 101-
nt paired-end reads) and the other one with high sequenc-
ing depth (60× genome coverage; 250-nt paired-end reads).
Note that these two datasets resulted from two distinct se-
quencing libraries that differed in fragment length (382 ± 36
nt for the low-depth dataset and 430 ± 154 nt for the high-
depth dataset). We used the 893 validated germline trans-
poson insertions as the gold standard, downloaded from
a previous benchmark study for comparing transposon-
detection algorithms (32). Most of these insertions (833 of
893; 93.3%) were Alu elements, and a full-length Alu ele-
ment is 280-nucleotide long (33,34).
TEMP2 and MELT performed equally well for the low-
depth dataset (F1 score = 0.758 and 0.757; Figure 5A).
MELT was developed as a part of the 1000 Genomes Project
for annotating transposon insertions, and it was trained
on these datasets, consistent with its good performance.
TEMP2 identified 761 of the 893 (85.2%) transposon inser-
tions from the low-depth data at a 68.2% precision (Figure
5A). MELT achieved a slightly lower sensitivity of 84.1%
and a slightly higher precision of 68.9%. ERVcaller was
worse (80.4% sensitivity and 53.6% precision), followed by
RetroSeq and TEMP (Figure 5A). TEMP was originally de-
veloped for detecting transposons in Drosophila, which are
mostly longer than 1,000 nucleotides at full length; as a re-
sult, TEMP missed most of the short Alu elements in the
NA12878 dataset. RelocaTE2 was omitted from the com-
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B
Figure 5. The performance of TEMP2 on NA12878 data from the 1000 Genomes Project. Genomic sequencing data sets of the NA12878 cell line at
low (5.7×; panel A) and high (38.6×; panel B) sequencing depths were used for comparing the performance of TEMP2, TEMP, ERVcaller, MELT, and
RetroSeq (in red, blue, green, yellow, and purple, respectively), in detecting germline transposon insertions. In each sub-figure, Three panels of bar plots
depict sensitivity, precision and F1 score of detecting germline transposon insertions, respectively.
TEMP2 was slightly worse for the high-depth dataset
(F1 score = 0.750) than for the low-depth dataset, with
the decrease coming from the precision (Figure 5B). MELT
showed a bigger decrease in performance (F1 = 0.711)
than TEMP2, also with precision taking the hit (Figure
5B). ERVcaller achieved a higher sensitivity for the high-
depth dataset than for the low-depth dataset (93.3% ver-
sus 80.4%), but a greater decrease in precision (53.6–36.6%;
Figure 5B). RetroSeq and TEMP showed worse sensitivity
and precision on the high-depth dataset. Since the high-
depth dataset had a longer read length (pairs of 250-nt
reads) than the low-depth dataset (pairs of 101-nt reads)
and most insertions were Alu elements, which are only 280-
nt long at full length, some of the Alu insertions were en-
tirely contained in the read-pairs. To investigate the impact
of sequencing depth and read length, we downsampled the
high-depth dataset to mimic the short-depth dataset––87
million pairs of randomly sampled read with each read
clipped at its 3′-end to 101-nt long, resulting in 5.7× genome
coverage (Supplementary Figure S5A). Now RetroSeq per-
formed similarly to what it did for the low-depth dataset, al-
though TEMP mainly improved its precision. Without clip-
ping the reads, which corresponded to a 14.1× genome cov-
erage, RetroSeq and TEMP did worse than when the reads
were clipped (Supplementary Figure S5B), confirming that
these two methods have difficulty in finding the insertions
of short transposons when the reads are long.
In summary, TEMP2 and MELT showed the best perfor-
mance on identifying short-transposon insertions in human
lymphoblastoid cells, and they performed reliably well on
two datasets with different sequencing depths, read lengths,
and fragment lengths.
Detection of de novo transposon insertions in hybrid-dysgenic
flies
To assess TEMP2’s newly developed ability to estimate
the total number of de novo transposon insertions, we ap-
plied it to our previously published Illumina-sequencing
dataset on the dissected ovaries of Drosophila melanogaster
dysgenic hybrids (35). The sequenced samples included
a wild-type strain Harwich (Har), a lab strain white 1
(w1), first-generation progeny (F1) from crossing Har males
with w1 females (wH, two samples were prepared, from
2–4-day females and 21-day females, respectively), and
second-generation progeny (F2) from crossing w1 males
with F1 females (wHw, one sample was prepared, from
21-day females). Har possesses P-elements in its germline
genome, which are not present in the lab strain w1. F1
flies lack maternal piRNAs targeting paternal P-elements,
which results in P-element activation, genome instability,
and sterility. Surviving F1 females recover partial fertil-
ity as they age, producing P-element-targeting piRNAs de
novo, and F2 females are fertile (35). Thus, TEMP2 can
be used to assess the number of transposon insertions
in these fly ovaries that were not passed on to the next
generation.
TEMP2 identified 166 P-element germline insertions with
at least five supporting reads in Har ovaries, and 118 of them
were also detected in 2–4-day F1 flies, typically with halved
frequencies, in accordance with Mendelian genetics (Fig-
ure 6A). We then estimated the P-element insertion num-
bers in w1, Har, 2–4-days F1, 21-days F1 and 21-days F2
files that were not passed on to the next generation. Al-
though Har flies possessed the largest number of P-elements
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Figure 6. The performance of TEMP2 on the D. melanogaster P-M dysgenic datasets. (A) Germline frequencies of P-elements in F1 flies follow Mendelian
genetics. These 2–4-day-old F1 flies were born to Harwich (Har) fathers who harbored germline P-elements and w1 mothers who did not. The scatter plot
compares the frequencies of germline P-element insertions in the Har flies vs. those in the F1 flies. Each dot denotes a P-element insertion supported by at
least five reads in Har flies. The P-element insertions that were detected in F1 flies are in red while the undetected insertions are in gray. An x = y diagonal
line is included as a reference, and a red line indicates the Loess regression of the red points, whose slope is about 0.5. (B) P-elements are actively transposing
in F1 flies. Profiles show the numbers of singleton read-pairs that support P-element insertions in Har, 2–4-day F1, 21-day F1 and 21-day F2 (wHw) flies.
The portions of reads in insertion-supporting read-pairs that mapped to the sense (antisense) strand of the P-element consensus sequence are tallied to
make the blue (red) curve (see Materials and Methods for details). The two ends of P-element are highlighted in light blue and light orange. Two black lines
indicate all raw reads mapped to the P-element consensus sequence (sense and antisense, respectively), which were used to perform normalization while
estimating de novo P-element insertions. (C) Estimated numbers of de novo P-element insertions per genome in P–M dysgenic datasets. Bar plots show the
numbers of de novo P-element insertions per genome in w1, Har, 2–4-day F1, 21-day F1 flies and 21-day F2 (wHw) flies.
mapping singleton reads, consistent with their possession
of P-element-targeting piRNAs. In contrast, F1 flies had
large numbers of P-element-mapping singleton reads, more
in 21-day flies than in 2–4-day flies (Figure 6B), suggesting
that P-elements were actively transposing in these flies with-
out the repression by the piRNAs that target them. Note
that the numbers of singleton reads that map to the interior
region of the P-element consensus sequence in these four
samples were roughly the same, as would be expected for
chimeric reads that result from library construction (Figure
6B). We further estimated the average number of de novo P-
element insertions per genome (Figure 6C), and we arrived
at ∼1 insertion per genome in Har flies and ∼3 insertions
per genome in 2–4-day F1 flies, increasing to ∼8 per genome
in 21-day F1 flies and falling back down to ∼4 insertions per
genome in 21-day F2 flies. These estimates are consistent
with the reestablishment of P-element-targeting piRNAs in
hybrid-dysgenic flies (35).
Our previous study used TEMP and identified many new
insertions for most of the residential transposon families in
F1 and F2 flies, i.e. insertions not in their parents. Notably,
roo appeared to be even more active than P-element (35).
Roughly 40% of the new insertion reads detected by TEMP
were singleton reads, which were likely chimeric reads, while
the remaining 60% of new insertion reads formed 1p1 and
2p insertions and were unlikely chimeric reads (Supplemen-
tary Figure S6A). Using TEMP2, we largely reproduced
the results on ‘new’ 1p1 and 2p insertions that were not in
parental samples, including the high numbers of insertion
reads for roo (Supplementary Figure S6B). TEMP2 verified
that these 1p1 and 2p ‘new’ insertions are supported by mul-
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About half of the ‘new’ 1p1 and 2p insertions (46.3% and
49.3% in 2–4-day and 21-day F1 flies, respectively) are in-
serted in the same genomic positions between the two pop-
ulations of F1 flies, suggesting that these insertions already
existed in the parental flies but were undetected by the se-
quencing data (and TEMP2). These ‘new’ germline inser-
tions are of low frequencies (median = 0.098 and 0.111 in
the 2–4-day and 21-day wH flies, respectively), even though
they are supported by multiple reads, and they are difficult
to detect in parental strains. Furthermore, TEMP2 removed
the singleton reads that were likely chimeric reads (Supple-
mentary Figure S6B) and estimated much lower numbers of
de novo insertions for residential transposons (one insertion
per transposon family per genome) than for P-element (3–8
insertions per genome, Supplementary Figure S6C). Never-
theless, due to the large number of residential transposon
families in the fly genome (over 100), these transposons can
still exert a toll on the germline genome.
Bias at transposon insertion sites detected in Illumina li-
braries
When we compared Illumina and PacBio data for detect-
ing germline transposon insertions (Figure 4), we noticed
that some transposon insertions were supported by dif-
ferent numbers of Illumina reads at the two ends (Figure
7A), but PacBio reads around these transposon insertions
were evenly distributed. To investigate the potential bias
of Illumina library construction and sequencing, we com-
pared 5′-supporting reads and 3′-supporting reads for each
transposon insertion that was supported by five or more
reads in at least one of the dysgenic-hybrid fly datasets (35).
We consistently observed more 5′-supporting reads than 3′-
supporting reads for some transposon families (e.g. Doc and
F-element) but more 5′-supporting reads than 3′-supporting
reads for other transposon families (e.g. mdg1), although
most transposon families (e.g. roo) have similar numbers of
5′- and 3′-supporting reads (Figure 7A, B), and this bias
is consistently observed at individual insertion sites (Figure
7C). We analyzed two more Illumina datasets from an inde-
pendent study (36), and the results confirmed these patterns
(Figure 7B).
Five of seven transposon families with biased supporting
reads (Doc, I-element, F-element, jockey, and Juan) belong
to LINE elements, which have AT-rich 3′-ends (37,38). This
observation motivated us to compute the CG content (per-
centage of C and G nucleotides) at the two ends of the trans-
poson families and, indeed, the families with the most bias
toward 5′-supporting reads tend to have the highest GC-
content at the 5′-end while lowest GC-content at the 3′-end
(Figure 7D, E). Interestingly, there are few transposons with
higher GC-content at their 3′-end than their 5′-end. mdg1,
which has a 3′-end bias in supporting reads (Figure 7A), has
low GC-content at both ends, although slightly lower at its
5′-end than its 3′-end. The imbalance in supporting reads
could result from library construction or Illumina sequenc-
ing; previous studies have reported dependence of sequenc-
ing coverage on CG contents (39–41). The imbalance could
affect the accuracy of estimating insertion frequencies and
even insertion detection when the read depth is low.
DISCUSSION
Transposons are one of the major forces driving the evo-
lution of Metazoan genomes. However, the identification
of new transposon insertions remains a challenge due to
the repetitive nature of their sequences and the imperfect-
ness of genome assemblies. Although long-read sequenc-
ing techniques such as PacBio can produce reads that are
long enough to span an entire transposon insertion, such
techniques are costly and do not produce sufficient num-
bers of reads for estimating insertion frequencies or de-
tection of de novo insertions. The rapid accumulation of
short-read whole-genome sequencing has provided ample
opportunities and challenges for computational algorithms
designed to detect transposon insertions in a wide variety
of samples. Responding to these opportunities and chal-
lenges, we performed PacBio and Illumina sequencing on
Drosophila and used the data to build a benchmark of trans-
poson insertions, which can be used as a benchmark to
test transposon detection algorithms. The long reads of our
PacBio sequencing data can also be used by future studies
for predicting complex transposon insertions in Drosophila
melanogaster.
We further present a designed TEMP2 algorithm, which
can accurately identify germline insertions, estimate their
frequencies, and pinpoint their breakpoints. We compared
TEMP2 with several state-of-the-art algorithms using sim-
ulated data, our benchmark in Drosophila, and a set of hu-
man transposons curated by the 1000 Genomes Project, and
TEMP2 performed competitively in all these comparisons.
Furthermore, TEMP2 has the newly developed capability
of estimating the level of low-frequency transposon inser-
tions generated from recent activity, which can be applied
to distinguish inherited from de novo transposon insertions.
There are several challenges for identifying transposon
insertions, and we designed TEMP2 to tackle these chal-
lenges. First, it is difficult to identify transposon insertions
into repetitive regions of the genome, especially regions that
already have an annotated insertion of the same transpo-
son or of a transposon in the same family. The sequence
mapping algorithm bwa mem identifies many ‘discordant’
reads at such regions, yet these reads likely originate from
somewhere else in the genome with another copy of the
transposon. We thus filter out all transposon insertions that
likely result from such alignment artifacts. Second, we ex-
amine the overlapping insertions of different transposons
in a region and only retain the insertions with the most
supporting reads. This is again designed to guard against
alignment artifacts in highly repetitive regions. This is why
MELT performs well in the human dataset but poorly in
the Drosophila dataset because MELT does not distinguish
homologous transposons. In the human data, the three as-
sessed transposons, LINE1, SVA and ALU, are highly di-
vergent; however, in flies, many of the transposons are ho-
mologous, and these homologous transposons introduced
a lot of false-positive insertions when MELT was used for
transposon detection. Third, chimeric reads are prevalent
in short-read sequencing libraries. To minimize false posi-
tives caused by chimeric reads in identifying de novo trans-
poson insertions, we take advantage of the fact that bona
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Figure 7. Sequence coverage bias at the genomic regions flanking inserted transposons. (A) Low read coverage at the 3′ flanking regions of Doc and F-
element transposons and the 5′ flanking regions of the mdg1 transposon at their insertion sites. Read coverage profiles in the ±1 kb window centered on the
breakpoints of new Doc, F-element, roo, and mdg1 insertions. Doc and F-element (in blue) show many more reads at its 5′ flanking genomic regions than its
3′ flanking genomic regions, while mdg1 (in red) shows the opposite trend. Some transposons, like roo (in white), show no bias in read coverage. (B) Biases
of the sequence coverage flanking inserted transposons. Heatmap depicts the sequence coverage bias for fly transposons of eight Illumina datasets from
three different sources. Transposons with at least one germline insertion detected in at least one of the eight datasets were included, 57 transposons in total.
The blue to red color spectrum indicates 5′ to 3′ coverage bias, with white corresponding to no bias. Transposons that do not have sufficient supporting
reads in a particular dataset are in gray. (C) Bias at the 3′-ends of Doc and F-element insertions and the 5′-end of mdg1 insertions. Heatmaps depict the
read coverage in the flanking regions of Doc, F-element, and mdg1 insertions, with each row indicating one insertion. All 31 Doc insertions, 51 F-element
insertions, and 20 mdg1 insertions in the Har dataset are included. (D) The sequence coverage bias flanking inserted transposons is correlated with the CG
content at the transposons’ two ends. Scatterplot compares the CG content of the first and last 40 nucleotides for each of the 57 transposons in B, colored
accordingly by sequence coverage bias. (E) Two ends of several example transposons reveal their different CG contents. The first and last 40 nucleotides of
the consensus sequences of seven 5′-biased transposons, one 3′-biased transposon and three unbiased transposons. Cs and Gs are in orange while As and
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of most transposons and cannot reach the transposon in-
terior, due to short fragment length. Third, the identifica-
tion of short transposons poses unique challenges. For ex-
ample, a full-length Alu element is 280-nt long, which is
shorter than the fragment length of the high-depth Illumina
libraries (mean = 700 nt, estimated by fully mapped reads).
As a result, an Alu element could be contained in a read-
pair. TEMP2 combines clipped and unclipped discordant
reads in the same cluster to detect insertions of short trans-
posons.
The results of our simulated data indicate that sequenc-
ing depths higher than 10× genome coverage are sufficient
for most algorithms, and TEMP2 performs well even at
5× genome coverage (Figure 2). Indeed, TEMP2’s perfor-
mance on the 5.7× human dataset was comparable with the
60× human dataset, although its sensitivity decreased when
the 60× dataset was downsampled to 14× (Supplementary
Figure S5). A higher sequencing depth typically leads to a
higher sensitivity but for some algorithms leads to a lower
precision, although this does not seem to be the case for
TEMP2 (Figure 2; comparing Figure 4 with Supplementary
Figure S5). Thus, we recommend a sequencing depth in the
10–30× range as a cost-effective middle ground.
Many algorithms use unbalanced 5′ and 3′ supporting
reads as a criterion for filtering out insertion predictions,
e.g. TEMP, ERVcaller and MELT (10,26,27). However, we
found that some Drosophila transposons have highly un-
balanced supporting reads at their two ends. This may be
caused by the differential CG contents at the two ends of
a transposon. For example, the LINE family of Drosophila
transposons tend to have low CG content at their 3′-ends,
which correspond to fewer supporting reads. Therefore, a
filtering criterion based on unbalanced supporting reads
would miss real insertions for such transposons.
Our analysis of hybrid dysgenic fly data confirmed the
active transposition of P-element in F1 flies resulting from
the cross between Har males, which have P-elements in their
genome, and w1 females, which don’t. We estimated that,
due to the lack of maternal piRNAs targeting P-elements,
F1 flies gained about 3 new P-element insertions per genome
in their first 2–4 days and about five new P-element inser-
tions per genome in their first 21 days, when piRNAs tar-
geting P-elements are regenerated. In the F2 generation,
when the piRNAs targeting P-elements have been replen-
ished, the new P-element insertions went back down to three
per genome (Figure 5). This new capability of TEMP2 for
analyzing transposon movement can be applied to other
data involving mutants that derepress transposons and in-
fections by viruses that integrate them into the host genome
(42).
TEMP2 has two limitations in estimating de novo trans-
poson insertions. First, TEMP2 cannot distinguish low-
frequency germline insertions from de novo insertions, when
it is used to analyze a pool of genomes. For sequencing data
on individual genomes, such as human or mouse, the fre-
quencies of germline insertions are either 0.5 or 1 with the
exception of the genomic regions with copy number vari-
ations. However, in pooled sequencing where the genomes
of multiple individuals are included in the library construc-
tion, such as the fly ovary data we analyzed, low frequent
transpositions can be misassigned as somatic transposi-
tions, especially when the read coverage is low. With the
rapid improvement of single-cell sequencing technologies,
we hope to integrate single-cell data with bulk data to bet-
ter characterize transposon insertions in future work (43).
Second, TEMP2 cannot estimate the de novo insertion rate
for short transposons such as Alu elements. TEMP2 needs
center-mapping reads to estimate the false-discovery rate of
transposon-supporting singleton reads; however, it is not
possible to define the center for transposons whose lengths
are shorter than the fragment lengths of the sequencing li-
brary.
In summary, TEMP2 is a new method for identifying
transposon insertions in short-read genomic DNA sequenc-
ing data. It combines the good features of existing algo-
rithms and adds new features for eliminating false-positive
predictions while maintaining high sensitivity. It performs
stably in low sequencing depth and varying read length and
works well for all sizes of transposons. TEMP2 was tested
on both simulated and experimental data and showed over-
all better performance in a number of metrics than start-
of-the-art methods. Its new capability of detecting de novo
transposon insertions should find novel uses in studying the
movements of active mobile genomic elements.
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